Grapevine (Vitis vinifera L.) is one of the world's most important crop plants, which is of large economic value for fruit and wine production. There is much interest in identifying genomic variations and their functional effects on inter-varietal, phenotypic differences. Using an approach developed for the analysis of human and mammalian genomes, which combines high-throughput sequencing, array comparative genomic hybridization, fluorescent in situ hybridization and quantitative PCR, we created an inter-varietal atlas of structural variations and single nucleotide variants (SNVs) for the grapevine genome analyzing four economically and genetically relevant table grapevine varieties. We found 4.8 million SNVs and detected 8% of the grapevine genome to be affected by genomic variations. We identified more than 700 copy number variation (CNV) regions and more than 2000 genes subjected to CNV as potential candidates for phenotypic differences between varieties.
INTRODUCTION
Grapevine berries and their derivatives have a large and growing worldwide market as wine, table grapes, raisins, and as products used for human health and cosmetics. Grapevine is also an important system for fruit species, as it can be transformed and micro-propagated via somatic embryogenesis (Velasco et al., 2007) and has sequenced genomes. Two genotypes of Pinot noir (PN; wine grape) have been sequenced and assembled as reference genomes (Jaillon et al., 2007; Velasco et al., 2007) . The genome of the Thompson seedless cultivar (TS; table grape) was sequenced and assembled more recently (Di Genova et al., 2014) , which enables exploring the genomic differences between wine and table grapes.
Most modern grape varieties resulted from human selection and vegetative propagation with a focus on specific traits of pathogen resistance or crop production. Existing cultivars display a great level of inter-specific variation, which can be investigated to find genes selected by breeding. Interest in the DNA sequence variation in grapevine includes single nucleotide variants (SNVs; e.g. single nucleotide polymorphisms or SNPs), small indels, and structural variations, which include large copy number variation (CNV). SNVs can be rapidly identified by resequencing and, in general, their effects on gene functions are relatively easy to detect. Structural variations such as large duplications and deletions need more effort to be correctly characterized. A recent study on structural variation in the PN variety identified duplications in genes responsible for adaptation and response to environmental changes, which are relevant for cultivation needs such as improved resistance against pathogens and tolerance of climate variability (Giannuzzi et al., 2011) .
Despie the importance of CNVs, our understanding of the most prevalent contributors to CNVs in plants is still far from being well explored. Genome data obtained from different plant species revealed the plasticity of plant genomes, and these findings led researchers to extend the concept of the 'pan-genome', first described for bacteria (Tettelin et al., 2005) , to plant species. The pan-genome has been defined as the ensemble of a core portion, present in all the individuals, and a dispensable portion, not present in all individuals. The latter has been considered not essential for survival. Nevertheless, the high level of structural variations found in many plant genomes suggests that dispensable genomes may have an important role in shaping genome structure (Marroni et al., 2014) . High levels of CNVs have been found distributed throughout many plant genomes contributing to phenotypic variation associated with phenotypic traits (Hurwitz et al., 2010; Cao et al., 2011a,b; Haun et al., 2011; Saintenac et al., 2011; Yu et al., 2011; Zheng et al., 2011; Chia et al., 2012; McHale et al., 2012) . This has led to an increasing interest in studying all forms of genomic variation in plant genomes ( _ Zmie nko et al., 2014). We combined high-throughput sequencing (HTS) with array comparative genomic hybridization (CGH), fluorescent in situ hybridization (FISH) and quantitative PCR (qPCR) to create a comprehensive map of genomic variations in four table grape genomes. We sequenced and compared the four table grape cultivars (cv): Autumn royal (AR); Italia (It); Red globe (RG); and TS; with the PN genome as the reference (inbred line PN40024). We found that 8% of the grapevine genome is affected by genomic variations and is characterized by a high level of plasticity detected as inter-varietal-specific CNVs and SNVs -the latter corresponding to an average of 1 SNV every 100 bp (4.8 million detected SNVs). We performed an in-depth analysis of gene content of polymorphic regions and detected varietal CNVs in genes involved in aromatic compound biosynthesis and metabolism related to aromatic berry flavor. Likewise, notable genomic variation differences were found for genes playing roles in stress response to both biotic and abiotic stresses, such as an S-locus lectin protein kinase and an NADH dehydrogenase subunit 7, completely deleted and highly duplicated, respectively, in the four table grape genomes we analyzed. Overall, we created comprehensive variation maps that allow for the identification of genes and/or gene families as putative functional candidates for important traits in grapevine cultivation. Polymorphic genes described in this paper require further analysis on a larger sample size to validate their role in such trait determination; however, these data may represent a landmark that can be used to develop genetic tools for breed selection programs.
RESULTS

Sequencing and variant calling
We sequenced the four table grape cultivars: AR; It; RG; and TS; using 76 nt paired-end reads. Sequence coverage ranged from 139 to 199. Sequence reads were aligned against the PN40024 reference genome.
To generate a more accurate SNP call set, we pooled the data of each single variety according to the best practices guidelines (McKenna et al., 2010) . We identified a total of 4 478 098 SNPs and 262 395 indels after applying quality thresholds as described by McKenna et al. (2010 ;  Table S1 ). We then compared SNP and indel call sets among the four varieties to characterize shared and cultivar-specific sequence variants (Table 1) . We also compared the SNPs found in these four varieties with those reported in the literature by matching our list of SNPs with that published by Di Genova et al. (2014) ; 746 560 SNPs were found in common in both lists, which represented 16.7% of the SNPs found in the present work pooling four varieties and 57.7% of the SNPs found in TS by Di Genova et al. (2014) . As the previous work was done only with TS, while our work analyzed a pool of four varieties, as in our case, we focused a second comparison on TS. Among our SNP calls, 3 117 684 belong to the TS cv, and 731 000 of them (~23.4%) were present also among the 1 292 709 SNP calls presented by Di Genova et al. (~56.5%) . These data confirmed the higher sensitivity of our pooled-variety sequencing method in detecting a comprehensive list of SNPs.
Next, we used the SnpEff tool (Cingolani et al., 2012) to predict the effects of the alternative allele for those variants mapping within coding regions. We detected 5136 variants that add or remove stop codons, therefore potentially altering the length of the coded protein (Table S2) . Among those variants, 539 were previously reported (Di Genova et al., 2014) . We further Sanger-sequenced randomly selected SNPs for genotype validation. In PN40024, 100% of the predicted SNPs were validated, whereas the percentage of validation for the four table grape varieties ranged between 78% and 84% (Table S3 ). The majority of the unvalidated SNPs were predicted as heterozygous, but were found homozygous concordant with the reference genome. They were then counted as false-positives, even if these results may still be biased, as the step of PCR amplification preliminary to the validation method could cause allelic drop out.
Based on the read-depth analysis [whole-genome shotgun detection (WSSD); see Methods], we generated a duplication and deletion map for each variety ( Figure S1 ). We calculated absolute copy number (CN) values and identified deletions together with duplications that were essential to perform a multi-varietal comparison for CNV identification (Alkan et al., 2009) .
Whole-genome shotgun detection analysis revealed similar percentages of duplication (average 16%) and deletion (average 3%) in the four table grape varieties and in the PN40024 reference. We further compared duplicated/deleted regions among the five varieties, and found 26.13% of the grape genome duplicated in at least one variety (Table S4 ). In particular, 18.58% of the grape genome was predicted to be composed of segmental duplications (SDs) that are common to at least two varieties (shared SDs), while 7.54% were unique duplications as they were found in only one variety. Notably, 1017 regions (1.72% of the genome) were found duplicated in all four table grape varieties. Likewise, we found about 9% of the grape genome deleted in at least one of the five analyzed varieties: 5.14% were found as unique deletions, while 3.86% contained deletions common to at least two varieties. Only 0.55% (210 regions) represented common deletions to the four table grapes (Tables 1 and  S4) .
Next, to detect CNVs differentiating the varieties, we applied an in silico digital CGH approach on the whole genome similar to an algorithm described to characterize CNVs within human genomes (Sudmant et al., 2010) . We calculated the log2 ratio (L2R) between the CN of a region in one of the four sequenced cultivars and the CN of the matching region in the reference genome (Sudmant et al., 2010) . As this approach has been implemented only on humans and mammals, but not on a plant genome, we tested different L2R thresholds and different cut-off windows (number of consecutive windows matching the L2R threshold). We then chose the parameters that allowed for the identification of larger copy number variant regions (CNVRs; > 10 kbp), while reducing the putative false-positive calls. We used a threshold of L2R 0.25, which means differences in CN of at least 20%, thus allowing for easier identification of polymorphisms in regions where differences of 20% could be significant (e.g. CN = 20 versus CN = 16; Appendix S1- §1.1 Digital CGH).
Compared with the PN40024 reference, we found 1.5-1.9% and 1.7-2.5% of the genome in each variety as amplified or deleted, respectively (Table 1) . We detected a total of 746 CNVRs (>10 kbp) overlapping across the four varieties: 310 in It, 318 in RG, 355 in TS and 350 in AR (Figure 1 and Table S5 ), which are equally distributed between gains and losses of paralogous copies. This corresponds to a percentage of variant genome, ranging from 3.35% in It to 4.05% in TS. In each of the four varieties, about 35% of these regions were large CNVs greater than 50 kbp, and 10% were greater than 100 kbp. Out of the 746 CNVRs, 335 CNVRs were uniquely identified in one variety, while 64 were found in all four table grape genomes with respect to the reference (Table S5) . Overall, our inter-varietal comparison revealed that about 8% of the grapevine genome is characterized by CNVs.
We further compared CNV calls with WSSD results and checked if CNVRs overlapped with regions found Deleted (green) and duplicated (red) regions, detected by dCGH with respect to the PN40024 genome, were graphically highlighted in four circular representations of the genomes of the analyzed grapes varieties. The external colored circle represents the 19 Vitis vinifera L. chromosomes and the 'unknown' chromosome (that collects regions sequenced but unassigned to a specific chromosome). Chromosome name is reported and vertical gray lines delimit the start and end of each chromosome. The internal circles tag copy number variations (CNVs) found in each region, reported in order, in Autumn royal (AR), Italia (It), Red globe (RG) and Thompson seedless (TS). The inner circle represents the whole-genome shotgun detection (WSSD) map in the PN40024 reference genome, where the red tags indicate segmental duplications (SDs) and green tags indicate deletions. As an example, the schema shows a big polymorphic region (CNV) in chr11, whose duplication with respect to the PN40024 is shared between all the varieties. Likewise, a shared deletion can instead be observed at the end of the chr16. duplicated or deleted in the reference genome (WSSDpositive regions). Notably, 46% of the CNVRs were also positive to the WSSD analysis on the reference genome (both duplicated or deleted), and about 41% of CNVs mapped in regions duplicated in the reference genome, while the other 5% matched with regions deleted in the PN40024 genome (Figures 1 and S2 ). Methods for genome-wide detection of CNVR have only been implemented, until now, with humans and mammals (Sudmant et al., 2010; Bickhart et al., 2012) . Only a few studies reported similar approaches on plant genomes ( _ Zmie nko et al., 2014), and there are to the best of our knowledge no previous genome-wide studies on CNVRs in grapevine. For this reason, we performed experimental validation to confirm individual CNVs using array CGH, FISH and qPCR. Array CGH revealed aberrations in about 2% of the grape genome for each of the analyzed cultivars. We found 102 aberrant regions in It, 121 in RG, 124 in TS, and 166 in AR ( Figure S3 ; Table S6 ). Compared with the digital CGH approach, array CGH detected more deletions than amplifications, as expected due to the signal saturation biases within duplicated regions.
Data from array CGH were compared with those from digital CGH, and percentages of concordance between array versus digital calls were calculated (Appendix S1- §1.2 Digital CGH versus Array CGH). We could validate about 25-30% of digital calls using array experiments. This level of validation was probably due to both the low level of resolution of array CGH with respect to the in silico approach and to the technical limit of array assay. For example, array platforms tend to suffer reduced sensitivity in the detection of amplification . Indeed, the validation rate also reached 37.5% if only deletions were considered. In addition, we account that the error rate is related to the quality level of the draft of the reference genome. In human, that could be considered the most complete genome, Sudmant et al. (2010) found that the false detection rate at 1 kbp resolution (size of the windows) with a coverage >8 9 is approximately 1-3%. Both deepening the coverage and focusing on larger CNVs could lower the rate. According to this, we reached a higher coverage for each of the sequenced genomes and searched for CNVRs > 10 kbp.
To further confirm variety-specific copy gains and losses, we performed FISH on interphase nuclei ( Figure 2 ) using 43 BAC clones as probes (Table S7) . We successfully tested 34, 37, 27 and 33 regions on AR, It, RG and TS nuclei, respectively. The validation rate was variable among the varieties, ranging from 58% in TS, 63% in RG, to 68% in AR and It; 16 BACs showed reliable results in all four varieties and the validation rate of this subset supports the percentages of the whole pool. While, to the best of our knowledge, no FISH data are available on plant genomes, a similar validation rate, using FISH assays, has been described for mammals (Liu et al., 2010; Hou et al., 2011; Bickhart et al., 2012) . Seven BAC clones showed a complex hybridization pattern revealing highly duplicative and polymorphic levels ( Figure S4 ), confirming the in silico prediction that showed multiple subregions with different CN status (Table S8) . Further qPCR assays were designed to confirm 21 genic regions predicted to be polymorphic among the four sequenced varieties. In particular, we selected three regions predicted as constantly diploid and 18 predicted to be highly polymorphic among the varieties (Table S9 ). CN was estimated using the relative standard curve method, comparing with an endogenous reference gene arbitrarily taken as constantly diploid, the fructose-6-phosphate-2-kinase. Among the 21 tested genes, 17 were validated by qPCR assays, while two gave unreliable amplifications due to the presence of non-specific PCR products and the other two genes were found not confirmed. For the 17 validated genes, we found a robust correlation between the in silico CN predictions, and those from the qPCR linear regression analysis indeed revealed a correlation coefficient R of 0.802 (P < 0.0001) if all the varieties were considered together, and ranging between 0.742 for RG and 0.869 for AR, if the sequenced varieties were considered one by one.
As a further corroboration of the reliability of the absolute CN in silico predictions, we calculated the linear regression among all the CN in silico with respect to the CN qPCR . The function describing the regression of the data was found as follows: CN in silico = 1.001 * CN qPCR -0.540 ( Figure S5 ; Appendix S1- §2 Validation of CN estimation by qPCR).
Functional analysis of CNVs genes
To find polymorphic genes, we compared the CNVRs with Vitis vinifera L. gene annotation and searched for specific functional category among polymorphic regions. Based on the gene content, the 746 large CNVRs were decomposed in 3678 subregions (Table S10) . For each subregion, CN was calculated as the average of the CN of the non-overlapping windows of 1 kbp unmasked sequence (KbUS) mapping in that region. In addition, gene name, mapping and functional annotation were reported.
We mapped genes with specific functional category annotation to 2029 out of 3678 subregions (55%). The most abundant category included genes involved in primary metabolism (~27%), especially genes with protein metabolism and amino acid metabolism functions, such as members of tRNA synthases or tRNA-ligases. We also found genes involved in stress response, such as the members of chitinase family. Similarly, almost 16% of the polymorphic regions included genes involved in signaling pathways. Furthermore, we found many of the polymorphic genes that belong to large and well-known gene families and superfamilies -such as those involved in terpenoid and phenyl propanoid metabolism (which account for about 6% of the polymorphic genes), genes belonging to the MYB transcription factors superfamily involved in the regulation of different pathways, R-proteins and other disease-resistance proteins of the NBS-LRR family (about 10%), genes that belong to the CYP450 superfamily, and genes belonging to the EXP family involved in berry quality determination. Interesting these multigene families are involved in many important aspects related to the berry quality or to the ability to respond to environmental changes, so our results suggest that CNVs in multigene families could explain the great phenotypic variability existing in the Vitis genus.
As an example, we found the gene GSVIVT01034920001 that codes for an expansin A4 protein showed a CN = 4 in the reference genome and a CN >10 in all the table grapes. Recently, expression data of these genes revealed they are finely modulated during fruit growth and maturation and, thus, have an important role in processes critical to determining berry quality (Dal Santo et al., 2013) . The economic importance of grapevine is greatly influenced by the quality of its berry. This is especially true for the table grape as berries are the final product; hence, the polymorphisms found in a member of the EXPA4 family support the important role of these genes in berry development.
We also found many transposable element genes that map to both amplified and deleted regions. Indeed, this category was the second most abundant category, reaching almost 18% of polymorphic regions. We focused on gene content in the most polymorphic amplified regions named 'hyper-duplicated regions' (CN > 10). In addition to many genes that code for transposable elements, we mapped genes belonging to some of the most important gene families in grapevine, such as the TPS family, CYP450 family and the CC-NBS-LRR defense gene families involved in determining important quality aspects of grapes (e.g. flavor content), or in stress and environmental responses (Table S8 ). In particular on chr18_random (3 834 790: 3 911 181), we mapped six different genes (GSVIVT01036325001; GSVIVT01036327001; GSVIVT01036328001; GSVIVT010363 31001; GSVIVT01036332001; GSVIVT01036333001) that are all annotated as copies of germacrene D-synthase, a member of the TPS family (Martin et al., 2010) . This region was shown to be duplicated in all analyzed grape genomes, with the It genome showing the highest CN (confirmed by FISH assay), with respect to both the PN40024 reference genome and the other table grape genomes under analysis. Notably, we found an NADH dehydrogenase subunit 7 (GSVIVT01004966001), a gene involved in the plant vigor, showing CN = 5 in the PN40024 genome, while CN > 30 in the four table grapes. Amplification in this region with respect to the reference genome was confirmed by array CGH assays. Additionally, we observed that five out of the seven BAC clones revealing highly duplicative and polymorphic levels in FISH assays contained hyper-duplicated regions ( Figure S4 ; Table S8 ).
Similarly we focused also on regions affected by 'complete' deletion in one or more genomes under study (showing 0.01 < CN < 0.51 at least in one of the analyzed varieties). We found only 212 such regions among the 3678 polymorphic regions. Among these 212 regions, notably, five regions were found to be completely deleted in all the four table grapes, while PN40024 showed a normal disomic CN in the same regions. Three of these regions contain gene models: GSVIVT01008378001 at chr17: 2,692,174-2,698,467 (an ATP synthase beta chain 2, mitochondrial involved in respiratory chain phosphorylation), VIT_15s0046 g00800 at chr15:17,745,178-17,748,265 (an S-locus lectin protein kinase involved in the signaling pathway), and a transposable element at chr9: 20, 734, 735, 459 . Because the two genes are both involved in multiple pathways related to stimulus response, it is difficult to make assumptions on the phenotypic effect of these deletions. Specific functional studies could unveil a possible involvement of these genes in response to environmental changes. The finding of a transposable element in one of these regions may also support a role in mediating gene deletions (Marroni et al., 2014) .
We partitioned the polymorphic regions into specific subclasses based on common or unique phenotypes of the four varieties. Next, we searched for significant functional category enrichment and for genes involved in specific pathways related to the phenotypic traits, such as seed content, berry size and aroma compound.
Seedless versus seeded. Among the four sequenced cultivars, the TS and AR cultivars are seedless, while the It and RG cultivars are seeded, like the PN used as the reference. We searched for polymorphic regions with opposite CN status in the seedless varieties with respect to the seeded varieties, taking into account the small sample size and the putative influence of shared ancestry among the seedless varieties. We found 175 regions with CNVs common to the seedless variety and absent in the seeded ones. Next, we searched for specific functional annotation enrichment. We found many regions that contain genes involved in the response to stimulus or hormone signaling. As an example, we found six genes implicated in abscisic acid (ABA) metabolism, which has as important role in drought and other stress responses. All of these genes were found deleted in seedless cultivars. In contrast, the other two genes -GSVIVT01025701001 and GSVIVT01025700001 -coding for EIN2 (ethylene insensitive 2) involved in ABA and ethylene signaling were mapped in a region amplified in the seedless cultivars. Notably, ABA and ethylene are two key hormones inducing response to abiotic stress in plant, for example one of the mechanisms activated in response to water stress is ABA-mediated and it starts in seeds (Fujita et al., 2013) . We could speculate that CNVs found in these genes may influence the response to water stress of seedless varieties, in particular deletion of ABA genes could led to the activation of other mechanisms in response to drought stress like those mediated by EIN genes. Another gene of interest was GSVIVT01017620001 coding for the auxin response factor-2, which showed a highly polymorphic status in the analyzed varieties with CN > 6 in the seeded and CN = 3 in TS and AR. Auxin response genes have been described as regulator, in combination to gibberellins response factors, of fruit set development. However, the molecular mechanisms by which these hormones mediate fruit set initiation are not well established. In particular, fruit set is initiated only after two sequential events, pollination and fertilization, concurrent with changes in the levels of endogenous plant hormones (Jung et al., 2014) , but in seedless varieties early in the development embryo abortion occurs leading to seed growth stop. It is plausible that polymorphisms in genes coding to auxin and hormone response could be related to the different response to hormonal signaling in seedless varieties. In addition, we discovered genes coding for transcription factors belonging to important regulatory factor families, such as the MYB/KANADI and the zinc finger families, which were deleted in seedless varieties with respect to the seeded ones. The seedless trait is correlated with the berry size, as seedless varieties have usually smaller berry size. Indeed molecular breeding programs aim to obtain seedless variety with big berry size. Among the analyzed varieties in the present study, the TS has a small berry size, while AR reaches larger sizes during berry ripening without hormone treatments. For this reason, we further checked among polymorphisms common to TS and AR for regions with opposite CN status in TS with respect to AR. Noteworthy, we found only two regions with this feature, and only one contained a gene named GSVIVT01018696001 duplicated in TS and deleted in AR that is involved in cell growth and death. Interrogation of grapevine expression atlas (Fasoli et al., 2012) and VITIS Co-expression Database (VTB: http://vtcdb.adelaide.edu.au/ Home.aspx) revealed that this gene is specifically expressed in the development stage. In our opinion this gene could represent a good candidate to further investigate aiming to identify genes involved in berry growth and development.
Small versus big berry size (TS versus all others). An important trait in table grapes is berry size, which is related to seedlessness trait. Among the analyzed varieties, TS has the smallest berry size. Therefore, we searched for functional category enrichment in polymorphic regions that are unique in this cultivar. More than 480 polymorphic regions were found to be unique in TS. Among these, many are involved in cellular and primary metabolism. We also focused our attention on genes involved in CYP450-mediated metabolism and auxin/hormone signaling as mechanisms already reported as involved in berry growth (Doligez et al., 2013) , and found 10 genes belonging to the CYP family and eight genes involved in hormone response. Among these we found the gene GSVIVT01009865001 at chr18:11920505-11928962 that codes auxin response factor-5 (ARF5), which was found duplicated in all the analyzed varieties and in the reference, but showed a higher CN in the TS genome and was recently mapped to a quantitative trait locus associated to berry weight and traits (Doligez et al., 2013) . We also found CNVs in the gene AUXEFF (GSVIVT01030905001) involved in auxin transport, two genes (GSVIVT01005915001 and GSVIVT01005917001) belonging to the expansin family involved in the auxin signaling pathway, and two genes (GSVIVT01001405001 and GSVIVT01001406001) that code for a GIGANTEA protein implicated in flower development at chr18:1867580 7:18702086. Berry growth and development in grapevine relies on a wide range of control systems, including an intricate network of interactions between all classes of known plant hormones. Our knowledge about the molecular interactions of these different classes of hormones in the ripening process is still imperfect (B€ ottcher, 2012). Our findings highlight new putative candidates that deserve further functional study to assess this topic, and to understand their role in berry growth and development.
Moreover, we uncovered an enrichment of genes involved in transport overview pathways, such as PIP2B, which codes a member of the aquaporin gene family and two genes coding for ABC transporters. Interestingly, Doligez et al. (2013) recently discovered new quantitative trait loci for berry weight or seed traits in grapevine, and mapped in these quantitative trait loci genes related to cell wall modifications, water import, auxin and ethylene signaling, transcription control, and organ identity. Likewise, recently, genes involved in the same pathways have been found differentially expressed in grapevine seedless segregants during berry development (Muñoz-Espinoza et al., 2016), thus our results support the hypothetical role of these genes in berry weight and development.
Aromatic versus neutral (It versus all others).
Among the analyzed varieties, only the It cultivar is considered to be aromatic. Thus, we investigated the gene content in polymorphic regions of the It genome with respect to all other genomes in order to find candidate genes for this particular trait. We found 346 such CNVRs. Besides enrichment of genes involved in primary metabolism and signaling/stimulus response, we found 15 regions that contain genes for secondary metabolism, especially terpenoid and flavonoid biosynthesis, for example, the germacrene D-synthase described above as mapped in a hyper-duplicated region.
The terpenoid pathway is important in the production of fragrance and aroma constituents of flowers and fruits (Martin et al., 2010) . Grape genome sequencing has revealed 124 genes related to the terpenoid pathway all organized in gene families originated through duplication events (Velasco et al., 2007) . Recently, it has been proved the direct involvement of VvDXS gene in determining the muscat flavor in grapevine (Battilana et al., 2011) . Nevertheless, the muscat flavor is not the only flavor determining the aromatic aspect in grapevine, and no significant genetic association was detected to distinguish between aromatic and muscat-flavored fruited varieties, neither to explain flavor intensity variation within the aromatic and muscat groups (Emanuelli et al., 2010) . Quantitative or qualitative factors responsible for the neutral to aromatic and aromatic to muscat flavor transition are still unclear. CNVs in TPS genes, such as for the germacrene Dsynthase, could be related to the different aromatic component among varieties, similar to variations of terpenoid profiles effected by TPS CNV in other plant species (Hall et al., 2011; Roach et al., 2014) .
DISCUSSION
Genome data of different plant species are revealing considerable plasticity, variability and complexity of plant genomes. Despite the important role that variable regions have in the adaptation and evolution of plant genomes, they are still not well characterized. Combining HTS with array CGH, FISH and qPCR assays on four table grape genomes and comparing the data with the reference genome of the PN40024 inbred line, we depicted a detailed intervarietal atlas of genomic variations in the grapevine genome. Our approach used algorithms specifically designed to predict absolute CNs and characterize SDs.
We identified about 4.8 million high-quality SNVs (SNPs and indels) -about 1 SNV to every 100 bp of grape genome. Previously reported data on SNP detection in grapevine (Lijavetzky et al., 2007; Dong et al., 2010) showed a higher frequency of SNPs in the genome. The larger number of varieties studied in these works may explain the higher SNP detection rate, although in both of these studies only a small portion of the genome was analyzed. Moreover, the differences we observed in SNVs calls in TS when comparing our calls with previous work (Di Genova et al., 2014) were most likely due to the pooling strategy of the sequences of the four genomes and the genomic differences in the two plants sequenced.
Further, we searched for increase/decrease of read-depth coverage comparing the four table grapes with the PN40024 reference genome, and revealed that deletions and highly identical SDs characterize approximately 9 and 26% of grape genome, respectively. Notably, shared deletions and SDs among the four table grapes characterized 0.55 and 1.72% of the genome, respectively, showing the high plasticity of the grapevine genome among plant genomes ( _ Zmie nko et al., 2014) . Interestingly, we compared our SD map on the reference genome with previously reported duplicated regions (Giannuzzi et al., 2011) and showed 50% concordance. It is likely that differences between sequencing methods (next-generation sequencing versus Sanger) and/or call criteria could account for the concordance rate. Comparison among different sequencing-based approaches to detect structural variations already revealed that none of these methods could be considered comprehensive (Alkan et al., 2009 .
Overall, we identified 746 large CNVRs (> 10 kbp) representing about 8% of the genome (Figure 1) , with half of them overlapping with SDs (Figures 3 and S2) , thus confirming SDs as hotspots for CNV formation (Sharp et al., 2005; Alkan et al., 2009; Marques-Bonet et al., 2009 ). We also found many transposable elements among deleted polymorphic regions, similar to Arabidopsis thaliana (DeBolt, 2010), also supporting the important role of transposon movement in mediating deletions (Morgante et al., 2007; Marroni et al., 2014) . Focusing on gene content of plastic regions common to the four table grape genomes, we detected duplication for some well-known multigene families, such as the MYB transcription factors, the TPS and EXPA4 (Malacarne et al., 2012) families involved in the grape quality as related to the anthocyanin synthesis, flavonoid or terpenoid metabolism, berry size, maturation and seed formation. Similarly, we found high variability in NBS-LRR genes, which are involved in stresses and environmental responses. We hypothesized this as the result of both specific grapevine adaptive responses and human breeding and domestication practices (Matus et al., 2008) . Indeed, high levels of duplication ensure the variability of defense genes, and such variation is advantageous in the face of changing environmental conditions. In addition, CNV genes involved in biotic and abiotic resistance could explain the different adaptation to respond to external environmental stresses of one variety with respect to another.
By inter-varietal comparison, we identified candidate genes for specific traits, such as berry flavor, in the It cultivar. The gene for the germacrene D-synthase belonging to the TPS superfamily, for example, was found amplified in all the analyzed varieties, but showed a higher CN in It, which is the only variety showing aromatic flavor. Terpenoids contribute distinctively to the sensorial character of aromatic grape varieties; attributes like floral, fruity and citrus can be assigned to a variety depending on the different type and amount of mono-or sequiterpenoid compounds (Martin et al., 2010; May et al., 2013) . CNVs in TPS could be related to differences in the metabolic pathways of this compound and contribute to differences in the aromatic flavor of one variety with respect to another one. In this context, the polymorphisms found in the germacrene D-synthase and other TPS genes represent good candidate genes and deserve further investigation.
Similarly, we found polymorphisms related to seedlessness and berry size in genes involved in auxin/hormone response, berry growth and development. Noteworthy, association mapping studies and expression data revealed candidate genes for berry weight involved in such similar pathways (Muñoz-Bertomeu et al., 2006; Doligez et al., 2013; Muñoz-Espinoza et al., 2016) . Our present results support the proposed role of these pathways in such complex traits and highlight new hypothetical candidate genes for further investigation. As future perspective, co-expression and network analysis on those genes could reveal the molecular mechanisms involved in seedlessness and berry traits.
The possibility to calculate the absolute CN of each region allowed for the identification of hyper-duplicated regions. Noteworthy, a member of an NADH dehydrogenase gene family showed CN six times higher in the table grapes than in the reference genome. These genes are involved in cellular homeostasis and oxide-reduction processes, and play a key role in the regulation of plant growth and stress responses (Fujita et al., 2006) . Plant productivity, and thus plant vigor, is related to the ability to respond and adapt to environmental stresses. In viticultural terminology, the rate of shoot growth or elongation over time is referred to as vigor, which is influenced by genotype (species, cultivar and rootstock), and other environmental and cultural aspects. Some cultivars (e.g. TS) or rootstocks (e.g. 1103 Paulsen) are considered to be vigorous, whereas others are thought to be intermediate (e.g. Cabernet Sauvignon, Syrah, Chardonnay, Teleki 5BB or SO4 wine grapes) or weak (e.g. Gamay, 101-14 Mgt or Riparia Gloire rootstocks; Keller and Tarara, 2010) . Goff and colleagues recently proposed that efficient energy metabolism and stress response mechanisms are important factors in heterosis, and that plasticity of genes involved in these pathways could explain why heterotic plants are more fit than their corresponding inbred lines (Goff, 2011; Goff and Zhang, 2013) . The lower CN for the NADH dehydrogenases that we found in the reference genome could be related to the lower vigor of PN40024 as it is an inbred line. Noteworthy, we found many unknown or unannotated polymorphic genes, which in fact depend on the low level of gene annotation that still exists for the grapevine genome, even though many efforts are still in progress on this aspect. Further studies on these genes using genotypephenotype association studies or expression and coexpression data could help to understand their function and improve the functional annotation of the grapevine genome.
Overall, our data suggest that the entire grape genome is highly dynamic and subject to structural alterations. The high number of SNVs and CNVs found in such a small genome supports the importance of structural variations in shaping the grapevine genomes. These findings, even considering the small number of samples studied, may represent an important step forward for the identification of candidate genes for some of the most desired traits in breeding programs. As a future perspective, additional studies focusing on CNV genes should be performed on a bigger survey to verify the association to specific traits and to validate at a functional level the implication of candidate genes to precise phenotypes.
CONCLUSIONS
Taken together, our data demonstrate that plastic regions compose more than 26% of the grapevine genome and 8% is variant among different varieties. As stated previously, structural variations in plants were considered to be part of the so-called 'dispensable genome' and not necessary for survival (Morgante et al., 2007) . Nevertheless, recent studies on their importance reveal that the distinction between core and dispensable genomes is not immutable, and structural variations could be considered as 'conditionally dispensable' (Marroni et al., 2014) . Our data represent a further step in favor of this hypothesis.
We developed an approach that combined HTS, array CGH, FISH and qPCR for plant genome studies to describe the genomic structure of multiple genomes at the same time. For the V. vinifera L. species, this represents a landmark for future comparative studies.
EXPERIMENTAL PROCEDURES Plant material and sequencing
We selected for sequencing four grape cultivars (cv): AR; It; RG; and TS, from a grape collection grown in the experimental field of the Consiglio per la ricerca in agricoltura e l'analisi dell'economia agraria (CREA)-Research Unit for viticulture and enology in Southern Italy (CREA-UTV).
The main features of the chosen varieties are detailed in Figure S6 . Pedigree information for It, RG and AR were collected, while TS is an ancient variety of uncertain origin ( Figure S7 ).
Total genomic DNA was isolated from young leaves using DNeasy Plant Mini Kit (Qiagen, Hilden, Germany), following the manufacturer's instructions. The DNA quality and quantity was assessed by both gel electrophoresis (0.8% agarose) and spectrophotometer at 260 nm. The genomic DNA was used for preparing 76-bp paired-end libraries sequenced using the Illumina GAIIx platform.
The sequence data have been submitted to the Sequence Read Archive, under the study ID SRP009057 (https://wiki.nci.nih.gov/ display/TCGA/Short+Read+Archive).
The genome assembly of the PN40024 inbred line (Jaillon et al., 2007) was used as the reference to align the reads and 'illuminazed' as already reported for other genomes (Alkan et al., 2009; Sudmant et al., 2010; Mills et al., 2011; Ventura et al., 2011; Bickhart et al., 2012; Pr€ ufer et al., 2012; Scally et al., 2012; Prado-Martinez et al., 2013; Freedman et al., 2014; Montague et al., 2014; Tamazian et al., 2014) . In addition, as the Illumina versus Sanger sequencing could differ in GC-rich regions as Illumina coverage decreases in higher GC regions, we corrected for the GC biases for each sequencing experiment separately, therefore minimizing any GC-dependent differences between Illumina and Sanger. The overall sequencing results were reported in Table S11 . The V. vinifera L. chromosome, mRNA and peptide sequences were obtained from the grapevine genome project repository (GENOSCOPE) web site (http://www.genoscope.cns.fr/externe/Download/Projets/Projet_ML/data/12X/annotation/). We also downloaded V. vinifera L. whole-genome sequence reads and related sequence quality data (clip files) from the NCBI Trace Archive (ftp://ftp.ncbi.nih.gov/pub/ TraceDB/vitis_vinifera/).
SNV discovery
To discover SNPs and small indels, we pooled all obtained sequences to reach a final coverage of 67.34 9 (calculated as the summary of the coverage obtained for each variety) in order to increase the coverage of the analyzed genomes (Abecasis et al., 2010) and aligned the reads generated from the genomes of the four table grape varieties to the reference genome assembly using BWA (default parameters). After converting alignment files to BAM format and removing PCR duplicates with SAMtools, we used the GATK software to discover and genotype SNPs and indels. For this purpose, we followed the 'best practices' guidelines in the GATK documentation (McKenna et al., 2010) . We filtered out calls with genotype quality <40 and read-depth <3, obtaining 4 740 493 SNVs (4 478 098 SNPs and 262 395 indels) considered the most reliable.
SNP-and indel-obtained data were analyzed separately to compare the concordance of the detected features among the varieties, tagging each window by a specific ternary code. In particular, for SNPs, we assigned to each call a code 0 if the variety had the same nt of the reference (homozygosis for the same allele of the reference genome); code 1 if the variety had a different nt with respect to PN40024 in just a single allele (presence of a variant in heterozygosis); and code 2 if the variety had a different nt with respect to PN40024 on both the alleles (homozygosis for an allele absent in PN40024). For indels, we instead assigned to each call a code 0 if the variety had no indel; code 1 if the variety had both the indel and the reference allele (presence of a variant in heterozygosis); and code 2 if the variety had both alleles with an indel (homozygosis for a status different from that of PN40024). Variant calls in heterozygous condition, i.e. having code 1, could be considered either concordant or discordant with one of the two possible homozygous genomes. Thus, we checked for unique and common variants considering the heterozygous condition once concordant with the PN40024 status (code 0) and once concordant with the alternative homozygous status (code 2).
Thus, we checked for unique and common variants considering the heterozygous condition concordant with the PN40024 status and concordant with the alternative homozygous status. Moreover, we compared our SNP calls with previously published data (Di Genova et al., 2014) .
SNV validation
We selected 87 SNPs distributed on all chromosomes for validation by visually inspecting data with the Integrative Genomics Viewer tool, preferring those altering the coding sequence length of the genes but excluding those previously validated by Di Genova et al. (2014) . We focused on SNPs that either produce or remove stop codons (gain or loss) in genes involved in metabolic processes.
For each SNP, PCR amplification was performed for all four varieties and the PN40024 reference. Amplification was carried out in 25 lL reactions with 1 9 PCR buffer, 1.5 mM magnesium chloride, 200 lM dNTPs, 0.5 lM forward and reverse primers, 50 ng of DNA, and 0.03 U lL À1 Platinum Taq DNA Polymerase (Invitrogen, Carlsbad, California, USA). The reaction was then cycled with the following conditions: initial denaturation at 95°C for 4 min, then 35 cycles at 95°C for 30 sec, 63-65°C for 40 sec, and 72°C for 40 sec; final extension was at 72°C for 5 min. PCR products were purified using QIAquick PCR Purification Kit (Qiagen). Samples were sequenced using the Sanger method and all variants were manually called by visual inspection.
Read-depth analysis and WSSD
We defined the SD content and estimated the absolute CN counts in the four genomes using a version of the WSSD approach (Bailey et al., 2002) modified for HTS data (Alkan et al., 2009) . This algorithm leads to the detection of duplicated genomic regions, highlighted by a local excess of depth of coverage. We first masked common repeats as detected by RepeatMasker (http:// www.genoscope.cns.fr/externe/Download/Projets/Projet_ML/data/ 12X/assembly/goldenpath/masked/) and simple tandem repeats smaller than 12 nucleotides detected by the Tandem Repeat Finder (Benson, 1999) . We then aligned the Illumina reads requiring 95% sequence identity (equivalent to 5% sequence divergence) using the mrFAST aligner (Alkan et al., 2009) . Next, we calculated the absolute CN of non-overlapping windows of 1 kbp unmasked sequence (KbUS) using mrCaNaVaR version 0.31, and duplicated/ deleted segments were predicted based upon excess depth-ofcoverage in 5 KbUS sliding windows (Alkan et al., 2009) . Finally, we identified SDs as regions with at least five consecutive windows having a CN > 2.5. Similarly, we characterized regions with low read-depth of coverage (CN 1.5 and below) as deletions as previously reported (Alkan et al., 2009 .
CN comparison, digital CGH and CNVRs
Data from the above-mentioned read-depth analysis were parsed and analyzed to compare among the sequenced grape varieties the CN duplication/deletion status of each 1 KbUS window. The comparison was performed considering either the absolute CN state or the L2R.
In order to detect CN variations among the four sequenced genomes, we used an 'in silico digital CGH' approach by modifying an algorithm previously described by Sudmant et al. (2010) . In particular, the estimated CN of each 1 KbUS window for each variety was compared with the CN of the same window in PN40024. The L2R of that comparison was also calculated for each window. Similar to array CGH, this allowed for the detection of regions of gain or loss in each genome compared with the reference.
In order to detect large regions with CNVRs and statistically significant aberrations, we searched for regions >10 kbp showing gain or loss using a threshold of L2R >0.25 for amplifications and L2R <À0.25 for deletions. The detected CNVRs were then inspected in order to define aberrations that were variety-specific or common to a subset of grape varieties, using a ternary code similar to the procedures used to tag the SNVs. We checked for deletion, standard copies and amplification in PN40024, attributing to the regions 0, 1 and 2, respectively. The remaining digit of the code was instead assigned to the region with reference to the L2R status, i.e. 0, 1 and 2 were the tags for L2R values <À0.25, comprised between À0.25 and +0.25, and >0.25, respectively. With this rule, the code 901212 indicates that in the reference genome the region was amplified (2 as last digit), and that almost the same level of amplification was detected in the other two varieties (1), while a single variety shows a greater amplification (2) and a different variety shows a lower amplification (0). Finally, we also pairwise compared varieties by L2R calculation using the same procedures (Appendix S1- §1 CNV calling).
CNVR validation by array CGH, FISH assays and qPCR
We performed array CGH to confirm individual-specific and shared aberrations. Starting from the assembled V. vinifera L. genome sequence and using the online tool eArray provided by Agilent Technologies S.p.A., we designed a custom array containing 172 659 60-bp oligos with an approximate density of one probe every 2.8 kbp.
Total genomic DNA isolated from each of the four Specific V. vinifera L. C0t-1 was prepared (Zwick et al., 1997 ) from V. vinifera L. genomic DNA extracted from leaves (Crespan et al., 1999) and used in each experiment.
All array CGH experiments were performed with a standard replicate dye-swap experimental design (reverse labeling of the test and reference samples).
To analyze the array results, we used the DNA Workbench Software (Lite Edition 6.5, Agilent Technologies S.p.A.), and followed the instructions to normalize the signals and preprocess the data. Aberration calls were performed using the ADM-2 algorithm provided within the software (Appendix S1- §1.2 Digital CGH vs Array CGH).
The selection of the 43 BAC was focused on regions that were not validated using array CGH, and signal patterns were compared with CN predictions of all the 1 KbUS windows composing the genomic sequence contained in the clone (Table S12) . For each experiment, we annotated the number (one to more than five) and intensity (single or tandemly duplicated) of signals in each of the four grape varieties. We classified a pattern as 'not assigned' when the CN could not be estimated. Moreover, we defined the validation as 'not inferable' when it was not possible to compare estimated CN with FISH interphase signals. Interphase nuclei were obtained using a previously described drop-spreading technique (Giannuzzi et al., 2011) .
FISH probes were derived from the V. vinifera L. PN40024 BAC library, which was developed by INRA-CNRGV.
BAC probes were directly labeled with Cy3-dUTP by nick-translation. Slide treatment and FISH hybridizations were performed as previously described (Giannuzzi et al., 2011) , and V. vinifera L. C0t-1 was used in each experiment. High-stringency, post-hybridization washes were made: 3 9 5 min at 60°C in 0.1 9 SSC (1 9 SSC = 150 mM NaCl, 15 mM sodium citrate, pH 7.0).
Digital images were obtained using a Leica DMRXA epifluorescence microscope equipped with a cooled CCD camera, and 60 images were acquired for each experiment to confidently assign the CN.
Quantitative PCR validation experiments were performed, and 21 loci were selected to validate the CN predictions. Primers were designed using Primer3 software (http://primer3.ut.ee/; Appendix S1- §2. Validation of CN estimation by qPCR). The specificity of each primer pair was first tested in triplicate on the analyzed grapevine varieties, whose genomic DNA was previously extracted with the DNeasy Plant Mini Kit following manufacturer's instructions (Qiagen).
Each qPCR was performed in a final volume of 15 lL containing 50 ng DNA, 1.5 lL forward and reverse primers (1 lM), and 7.5 lL Brilliant III SYBR â MM (from Agilent Technologies S.p.A.).
Quantitative PCR was conducted in a LightCycler 480 instrument (Roche Applied Science, Penzberg-Germany). The LightCycler protocol began with an initial incubation step (50°C for 2 min), followed by the polymerase activation step (95°C for 10 min). After that, 40 cycles with a denaturing temperature of 95°C for 10 sec and the annealing and extension step at 60°C for 30 sec were set. After PCR amplification, the PCR products were completely denatured at 95°C for 15 sec, cooled to 55°C at a thermal transition rate of 4.4°C per second, and then heated to 95°C at a thermal transition rate of 2.2°C per second with continuous fluorescence monitoring in the SYBR Green channel (melting curve analysis). LightCycler 480 software (Roche Applied Science) was used to analyze the data.
To infer the CN of the investigated region, we used the relative standard curve method comparing with an endogenous reference gene arbitrarily taken as constantly diploid, the fructose-6-phosphate-2-kinase (primer forward 5 0 -TCTAAACCGGGTCCTC ACTG-3 0 and primer reverse 5 0 -CCCGAGACTCAAGAACCTCA-3 0 ; Appendix S1- §3.3 Quantitative PCR assays) as already reported (Muñoz-Amatria ın et al., 2013).
Functional analysis
We classified the CNVRs based on common or unique phenotypes of the four varieties. Using the gene list available at the public site of the CRIBI Biotechnology Center of University of Padua (http:// genomes.cribi.unipd.it/DATA/) and downloaded from the Grape Genome Browser, we selected all genes that map at least partially inside the polymorphic regions found by the in silico analysis and thus potentially being CN polymorphic genes. Then gene content and relative annotation were reported for each class and for each identified CNVR. The complete list of V. vinifera L. gene annotations and their correspondence with Grape Genome Browser annotation was downloaded from the VitisNet: Grapevine Molecular Networks database (http://www.sdstate.edu/ps/research/vitis/pathways.cfm; Grimplet et al., 2009 Grimplet et al., , 2012 .
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